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Abstract
The unpredictable pandemic has drastically altered learning approaches, where 
online learning has been booming. Through VOSviewer, this study visualizes the 
network of top authors, organizations, sources, and countries that have been devoted 
to online learning. Through meta-analyses via Stata/MP 14.0, this study identifies 
nine variables that may exert a significant effect on online learning outcomes dur-
ing this special pandemic time in various countries and areas. The findings may be 
generalizable to America, Asia, and Europe. Although relatively fewer publications 
in Africa have been included, the findings could provide a meaningful reference for 
African researchers and practitioners. Future research could include more publica-
tions from more diversified backgrounds. Online learning design could also keep 
pace with the development of information technologies.

Keywords Meta-analysis · Bibliographic review · Online learning · Influencing 
factors · Pandemic

1 Introduction

The COVID-19 pandemic has greatly influenced educational approaches across 
the world, leading to many studies devoted to online learning during this special 
time. Most of them reported positive online learning outcomes. In the online stu-
dent-centered learning, a teacher could provide individualized instruction based 
on teacher-student interactions and communication, where teacher feedback could 
improve students’ learning outcomes and enhance their engagement. Remote feed-
back, together with a contextualized and situated approach, is considered essential 
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in online learning (Istenic, 2021). The COVID-19 pandemic, minimizing the dif-
ferences in perceived personal relevance and online learning feasibility, has sub-
stantially increased attainment value, utility value, mastery-approach goal, mastery-
avoidance goal, performance-avoidance goal, and functional self-efficacy of online 
education since its outbreak (Lin, 2021).

The pandemic time has experienced positive online learning outcomes. Both stu-
dents and teachers would like to learn through the Internet in the future since both 
of them positively evaluated online learning (Schlenz et  al., 2020). Online learn-
ing could decrease negative learning emotions and increase learning engagement 
(Basal & Eryilmaz, 2020). Students maintained an intense interest in the flipped 
online learning approach (Jia et  al., 2020). Online learners highly evaluated sup-
portive online instruction and motivational strategies because they could improve 
their learning performance (Yates et al., 2020). During the pandemic time, students 
began to accept the online learning approach and their major concerns were network 
availability, comfort, network connectivity, online learning outcomes, online learn-
ing contents, and student-instructor online interactions (Kamble et al., 2021). Social 
media such as TikTok could improve learners’ perceptions of online learning during 
the pandemic (Literat, 2021).

There are a variety of factors that can exert an influence on online learning out-
comes. The level of communication capacities and self-organization skills could 
exert a positive influence on perceived academic achievements in an online learn-
ing context (Klein et al., 2021). Variables such as direct lectures, instructor-learner 
interaction, internet self-efficacy, mediated by online learning motivation, could pre-
dict students’ satisfaction with online learning (Rahman et al., 2021). Self-regula-
tion, interaction, engagement, and interest are important factors to ensure the online 
learning effectiveness. Students prefer the traditional face-to-face learning to the 
online learning although the majority of them feel satisfied with the online learning 
approach (Huang, 2020).

However, negative effects and challenges of online learning have been revealed in 
previous studies. Some students (36.8%) preferred traditional face-to-face learning 
to merely online learning. Algerian university students negatively evaluated online 
learning. They preferred the traditional face-to-face learning approach to the online 
learning mode even during the pandemic (Blizak et al., 2020).

Few studies have focused on bibliographic review and meta-analysis regarding 
the effect of various factors on online education. It is thus necessary to review the 
recent online learning and teaching integrated with information technologies (Car-
rillo & Flores, 2020) via a meta-analysis and bibliographic review.

1.1  Data collection for the bibliographic review

We obtained 6971 results from Web of Science (Core Collection) by entering title: 
(“online learn*” OR “online teach*” OR “online educat*” OR “distance learn*” OR 
“distance teach*” OR “distance educat*” OR “digital learn*” OR “digital teach” 
OR “digital educat*”) without limitation to publication time in the databases. Web 
of Science includes several databases such as Science Citation Index Expanded 
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(SCI-EXPANDED) (from 1998 to 2021), Social Sciences Citation Index (SSCI) 
(from 2016 to 2021), Conference Proceedings Citation Index- Science (CPCI-S) 
(from 1991 to 2021), Current Chemical Reactions (CCR-EXPANDED) (from 1985 
to 2021), and Index Chemicus (IC) (from 1993 to 2021). We finally included 2412 
results for bibliographic analysis after removing the unrelated publications.

Links and total link strength are used to measure the association of a given item 
with other items. The former indicates the number of associations of the given item 
with others, while the latter indicates the total weights of the associations of the 
given item with others. A citation link refers to the association where one given item 
cites another. This association is of no direction. In other words, we cannot conclude 
from the association that the given item predicts another or vice versa. A co-citation 
link refers to the association where two items are cited by the same literature, while 
a bibliographic coupling link refers to the association between two items that cite 
the same literature (Van Eck & Waltman, 2019). The distance in the visualized map 
roughly indicates the strength of the relationship between co-citation links (Van Eck 
& Waltman, 2010).

We obtained the top 10 co-cited authors through co-citation analysis. The mini-
mum number of citations of an author was set at 22. Of the 38,938 authors, 157 
met the threshold. For each of the 157 authors, the total strength of the co-citation 
links with other authors was calculated. The authors with the greatest total link 
strength were selected. The top 10 co-cited authors were Garrison, D.R. (Cita-
tions = 191, Total link strength = 1583), Zimmerman, B.J. (Citations = 114, Total link 
strength = 1156), Pintrich, P.R. (Citations = 115, Total link strength = 1124), Rovai, 
A.P. (Citations = 104, Total link strength = 952), Bandura, A. (Citations = 115, Total 
link strength = 950), Hair, J.F. (Citations = 81, Total link strength = 950), Moore, 
M.G. (Citations = 123, Total link strength = 789), Mayer, R.E. (Citations = 110, Total 
link strength = 771), Venkatesh, V. (Citations = 81, Total link strength = 690), and 

Fig. 1  The authors with the greatest total link strength 
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Anderson, T. (Citations = 101, Total link strength = 671) (Fig. 1). It is indicated that 
these authors are among the most influential ones since they are co-cited by the most 
documents. Their works may draw additional attention when researchers conduct 
relevant studies.

We also analyzed highly cited organizations by selecting citation as the analysis 
type, and organization as the unit of analysis. The minimum number of documents 
of an organization was set at 6. Of the 2171 organizations, 117 met the threshold. 
For each of the 117 organizations, the total strength of the citation links with other 
organizations was calculated. The organizations (N = 117) with the greatest total link 
strength were selected. The top 10 organizations with the greatest total link strength 
were Nanyang Technological University (Citations = 180, Total link strength = 20), 
Open University of the Netherlands (Citations = 64, Total link strength = 18), Uni-
versity of California (Citations = 72, Total link strength = 18), Cornell University 
(Citations = 20, Total link strength = 17), Harvard University (Citations = 109, Total 
link strength = 17), National Taiwan Normal University (Citations = 131, Total link 
strength = 15), Imperial College London (Citations = 108, Total link strength = 14), 
Stanford University (Citations = 209, Total link strength = 14), Maastricht University 
(Citations = 27, Total link strength = 11), and Ohio State University (Citations = 95, 
Total link strength = 11) (Fig.  2). It is suggested that these organizations have the 
highest citations and they have the highest total link strength that indicates the total 
link strength of co-citation links of a given organization with others. Researchers 
may pay enough attention to the authors affiliated with these organizations when 
they conduct related studies.

We obtained the highly cited countries through VOSviewer using similar meth-
ods. The top 10 countries with the greatest total link strength were USA (Cita-
tions = 6850, Total link strength = 290), The People’s Republic of China (Cita-
tions = 1983, Total link strength = 161), England (Citations = 1063, Total link 
strength = 157), Australia (Citations = 1010, Total link strength = 119), Singapore 

Fig. 2  The organizations with the greatest total link strength 
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(Citations = 424, Total link strength = 115), the Netherlands (Citations = 439, Total 
link strength = 75), Turkey (Citations = 546, Total link strength = 65, South Korea 
(Citations = 414, Total link strength = 49, Canada (Citations = 784, Total link 
strength = 46), and Switzerland (Citations = 205, Total link strength = 46) (Fig.  3). 
It means that these countries may be focused on when researchers conduct online 
learning studies since publications from these countries have received the most 
citations.

1.2  Co‑occurrence analysis

Co-occurrence links refer to the links between terms. VOSviewer can construct a 
map of keywords based on the data of co-occurrence to indicate the co-occurrence 
links (Van Eck & Waltman, 2010). Via VOSviewer, we created a map based on 
the data retrieved from Web of Science. We selected co-occurrence as the analysis 
type, all keywords as the unit of analysis, and full counting as the counting method. 
The minimum number of occurrences of a keyword was set at 10. Of the 6556 key-
words, 176 met the threshold. For each of the 176 keywords, the total strength of the 
co-occurrence links with other keywords was calculated. The keywords (N = 176) 
with the greatest total link strength were selected. We selected nine variables with 
the greatest total link strength: behavioral intention (Occurrences = 25, Total link 
strength = 115), instruction (Occurrences = 31, Total link strength = 137), engage-
ment (Occurrences = 70, Total link strength = 276), interaction (Occurrences = 18, 
Total link strength = 57), motivation (Occurrences = 98, Total link strength = 402), 
self-efficacy (Occurrences = 60, Total link strength = 233), performance (Occur-
rences = 133, Total link strength = 521), satisfaction (Occurrences = 62, Total link 
strength = 272) and self-regulation (Occurrences = 23, Total link strength = 102) 
(Fig. 4).

Based on the bibliographic findings, we review previous studies on the topics 
closely related to the keywords with the greatest total link strength.

Fig. 3  The countries with the greatest total link strength 
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1.3  Behavioral intention

Behavioral intention of online learning could be enhanced integrated with the 
entertainment element via computers or smart phones (Trepte & Reinecke, 2010). 
Online computer games could improve behavioral intention of online learning 
and share with other players (Cohen, 2014). Online game-sharing portals could 
especially create an intriguing entertaining educational environment, which could 
improve learners’ knowledge and enhance their behavioral intention of engage-
ment in political programs (Roth et al., 2014) and information-seeking activities 
(Bartsch & Schneider, 2014).

Although researchers (e.g., Guo et al., 2016) have argued that enhanced behav-
ioral intention of online learning could improve learning outcomes, little is known 
about the connections between learners’ engagement and behavioral intention of 
online learning. It has been reported that learners’ behavioral attitudes may enhance 
behavioral intention of engagement in further online learning (Wu & Chen, 2017). 
To identify the effect of online learning on behavioral intention, we, therefore, pro-
pose a null hypothesis as follows:

Hypothesis 1: Behavioral intention may be not significantly influenced by other 
factors in online learning.

1.4  Instruction

Instruction could exert a great influence on virtual online learning. However, one of 
the instruction elements, instructor immediacy, has been seldom explored. Instructor 
immediacy was referred to as the degree to which instructor-student communica-
tion could bridge the gap between instructors and students (Mehrabian, 1967), and 

Fig. 4  Keywords with the greatest total link strength 
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remove the barriers to interpersonal communication (Thweatt & McCroskey, 1996). 
Examples of instructor immediacy are addressing students by their nicknames, smil-
ing, eye contacts, and follow-up enquiry. Instructor immediacy could greatly predict 
learning and teaching effectiveness (Anderson, 1979).

Instructive pace, flexibility, and accessibility are important factors influencing 
online learning effectiveness (McNamara, 2010). Plentiful instruction resources 
do not necessarily lead to increased use dependent on the source, frequency, and 
availability of the learning resources (Kinzie et al., 2015). Little is known about the 
relationship between instructional online support and instructors’ development (Bar-
ton et al., 2017) although researchers have begun to devote their attention to online 
instructional activities (Paxton et al., 2013). Considering the previous research find-
ings, we propose a null hypothesis as follows:

Hypothesis 2: Instruction may not significantly influence other factors in online 
learning.

1.5  Engagement

Engagement, subject to various elements, is considered an important factor that 
influences online learning effectiveness (Bradford, 2011). The level of cognitive 
loads may exert a great influence on learning engagement, and effective learning is 
also in need of cognitive engagement (Mayer & Moreno, 2003). Learning engage-
ment in an online course, in need of motivation and encouragement, is facilitated 
by various interactions, e.g. peer interactions, forum discussion, and student-teacher 
communications (Bradford, 2011).

Online lectures, discussions, tests, and interactions could enhance the level of 
engagement in online learning and facilitate academic success (Shrader et al., 2016). 
Self-efficacy, rather than learning persistence, could greatly influence online learn-
ing engagement (Jung & Lee, 2018). Online learning engagement could be posi-
tively correlated with learners’ self-regulation (Anders, 2015). Online learning suc-
cess to a large extent depends on the degree of self-regulation (Terras & Ramsay, 
2015). Online learning engagement, positively correlated with online performance 
(Kim et  al., 2021), could encourage learners to spend more effort and could thus 
play a critical role in online learning success (Tseng, 2018). Given the importance of 
online learning engagement, we propose a null hypothesis as follows:

Hypothesis 3: Engagement may not significantly influence other factors in online 
learning.

1.6  Interaction

Interaction plays an indispensable role in online learning outcomes. However, inter-
actions in online learning have been reported insufficient due to different cultures 
among students and teachers (den Brok et  al., 2010). Diversified online learning 
evaluation and interactions could predict online learning outcomes (Gallego Sánchez 
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et al., 2021). Immersion in online learning environment could facilitate interactions 
between peers, teachers, and learning contents. Interactions could strongly predict 
the quality of online education (Gallego Sánchez et al., 2021) due to the relational 
coordination referring to a mutual process where interactions, communications, and 
correlations could be enhanced (Gittell, 2009). Given the significance of interactions 
in online learning, we propose a null hypothesis as follows:

Hypothesis 4: Interaction may not significantly influence other factors in online 
learning.

1.7  Motivation and self‑efficacy

Motivation and self-efficacy are essential factors exerting a great influence on online 
learning outcomes (Yang et  al., 2006; Chen & Hu, 2020). Motivation, defined as 
the psychological state that facilitates, stimulates, or maintains learning behaviors 
(Woolfolk, 2016), is referred to as a process where learners set goals and strive for 
them (Pintrich & Schunk, 2002: 5). Self-efficacy is considered learners’ self-per-
ception of their capacity of achieving online learning success (Chen & Hu, 2020). 
Constructs of motivation are of variety, e.g. goal-setting, self-efficacy, and task wor-
thiness (Yang et al., 2006). Highly motivated learners may be able to possess posi-
tive self-efficacy (Chen & Hu, 2020), maintain a fair interpersonal relationship, and 
obtain plentiful learning resources. They may also possess a high level of cognitive 
engagement in online learning. With timely feedback and strong motivators, syn-
chronous online learning platforms could provide significantly more benefits than 
the traditional asynchronous approach (Chen et  al., 2005). Learners’ motivation 
levels could also greatly predict learning engagement in either online contexts or 
traditional conditions (Ben-Eliyahu et  al., 2018). We, therefore, propose two null 
hypotheses as follows:

Hypothesis 5: Motivation may not significantly influence other factors in online 
learning.
Hypothesis 6: Self-efficacy may not significantly influence other factors in online 
learning.

1.8  Performance

Performance, as an important variable in online learning, may intertwine with 
many factors such as social factors, interactions, and feedback. Social factors such 
as social presence and interactions could greatly influence students’ performance in 
terms of higher-order thinking abilities and academic scores (Al-Rahmi et al., 2018). 
Learners’ performance is subject to learners’ centrality in online algebra courses but 
no significant correlation is revealed between learners’ centrality and their perfor-
mance in the online finance course (Jiang et al., 2014). Their inconsistent findings 
are supported by Houston II et al. (2017) who argue that their correlation is not well 
clarified.

2464 Education and Information Technologies (2022) 27:2457–2482



1 3

Levels of motivation and feedback may greatly influence the correlations between 
learning engagement and learning performance (Steelman et  al., 2004). However, 
feedback, either positive or negative, may worsen learners’ performance (Kluger & 
DeNisi, 1998) if it fails to promote learning behaviors (Scott et al., 1986). Learn-
ers’ performance may also be under a great influence of their willingness to con-
duct revisions based on corresponding feedback, but little is known about whether 
learners tend to use their revision techniques in the unfamiliar learning tasks (Suzuki 
et al., 2019), which may negatively influence their learning performance. However, 
it is reported that critical feedback may encourage learners to revise learners’ online 
posts, thus improving their learning performance (Cutumisu & Lou, 2020). We pro-
pose a null hypothesis as follows:

Hypothesis 7: Performance may not significantly influence other factors in online 
learning.

1.9  Satisfaction and self‑regulation

During this special pandemic time, online learning is widespread, where students’ 
satisfaction and self-regulation have been demonstrated to play a critical role in 
online learning success (Joo et al., 2011; Puzziferro, 2008). Compared with tradi-
tional face-to-face learning, online learning may significantly improve students’ sat-
isfaction level, procedural and declarative knowledge (Means et al., 2013). Learn-
ers’ satisfaction may be greatly influenced by the mentoring role and peer-mentor 
relationship (Grant-Vallone & Ensher, 2000). Mentoring feedback and support may 
predict students’ satisfaction with the mentoring function and learning contents 
(Sanchez et  al., 2006). Instructors’ self-disclosure such as self-introduction and 
posted photos may positively influence students’ satisfaction with the instructor-
learner relationship and quality of knowledge delivery, which may improve their 
online learning outcomes. In online learning, close relationships have been iden-
tified between self-regulation and learning outcomes (Barnard-Brak et  al., 2010), 
engagement (Artino & Stephens, 2009), and learners’ level of satisfaction (Puzzi-
ferro, 2008). We thus propose two null hypotheses as follows:

Hypothesis 8: Satisfaction may not significantly influence other factors in online 
learning.
Hypothesis 9: Self-regulation may not significantly influence other factors in 
online learning.

2  Methods

Meta-analyses may be able to test the proposed null hypotheses by summarizing and 
quantifying previous research results. We implemented the meta-analysis based on 
the framework of the Preferred Reporting Items for Systematic Review and Meta-
Analysis (PRISMA) (Moher et al., 2009).
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2.1  Identifying research

To minimize the biased results, we included research from various databases such as 
Web of Science, Taylor & Francis Online, Elsevier ScienceDirect, Scopus, Ei Vil-
lage, Emerald, SpringerLink, Wiley Online Library, and EBSCOhost. We searched 
these databases using corresponding terms according to their specific syntactic 
requirements. The searching terms include online learning, online teaching, online 
education, distance learning, distance teaching, distance education, digital learning, 
digital teaching, and digital education. The initial search returned a large number of 
results (N = 30,253). We selected 3648 results after removing the duplication. Then 
through screening via reading abstracts and titles, evaluation for eligibility, and 
checking information and full texts for meta-analyses, we finally included 47 peer-
reviewed journal articles for the meta-analysis (Fig. 5).

2.2  Inclusion and exclusion criteria

We will include the studies if they (1) can provide enough information for a meta-
analysis, (2) focus on the effects of nine variables in online learning or teaching, 
and (3) are of higher quality based on the criteria proposed by the University of 
the West of England Framework for Critically Appraising Research Articles (Moule 
et  al., 2003), where two reviewers evaluate all the sections, i.e. the introduction, 

Fig. 5  A flowchart of literature inclusion
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methods, data collection and analysis, ethics, results or findings, and conclusions. 
The two reviewers are experienced in evaluating the quality of publications. They 
scored each study independently and informed the researchers of the results. In case 
two reviewers hold contradictory opinions, a third reviewer will be invited to make 
a decision.

We will exclude the studies if they (1) are written in a language other than Eng-
lish, (2) are poorly evaluated by two experienced reviewers based on the criteria pro-
posed by the University of the West of England Framework for Critically Appraising 
Research Articles (Moule et al., 2003), (3) fail to provide enough information for a 
meta-analysis, or (4) are themselves review studies. If two reviewers have contradic-
tory opinions, a third reviewer will be invited to decide the selection. If two review-
ers held contradictory opinions on the quality of the study, we would invite a third 
experienced reviewer to make a final decision.

The enough data for a meta-analysis in this study include the number of partici-
pants, correlation coefficients, countries where the studies were conducted, online 
learning modes, and learning outcomes. The publication will be considered a review 
study if it aims to review or summarize recent studies in a particular field. A review 
study often synthesizes findings from the previous primary literature to develop a 
coherent argument about a given topic.

2.3  Coding of studies

The included studies were coded based on the scheme proposed by Siddiq et  al. 
(2016). We coded the included studies by labeling them specific characteristics 
such as online learning modes, online learning outcomes, and countries. We also 
extracted meta-analytical data such as correlation co-efficiencies (r) and numbers 
of participants, together with descriptive data such as publication years, countries 
where the studies were conducted, the subgroup including nine variables, and the 
mode of learning. Online learning, as the major mode of learning, was classified 
into blended, online, and electronic device- or online system-assisted learning.

2.4  Statistical analyses

We summarized the meta-analytical results using Stata/MP 14.0, where Z-statistics 
were adopted to analyze the overall effect sizes of influencing factors in online learn-
ing. Pearson’s correlations (r) were extracted to determine the relationship between 
online learning outcomes and behavioral intention, instruction, engagement, interac-
tion, motivation, self-efficacy, performance, satisfaction, and self-regulation.

The percentage of variation across studies due to heterogeneity rather than ran-
dom errors was identified through the value of  I2, which was classified as unim-
portant when ranging from 0% to 40%, moderate when ranging from 30% to 60%, 
substantial when ranging from 50% to 90%, and considerable when ranging from 
75% to 100% (Higgins & Green, 2011). When  I2 is higher than 50%, we will 
adopt a random-effect model to conduct a meta-analysis, as well as a sensitivity 
analysis to identify the stability of the result. When  I2 is lower than 50%, we will 
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adopt a fixed-effect model to conduct a meta-analysis. To detect publication bias, 
we will adopt both Begg’s (Begg & Mazumdar, 1994) and Egger’s tests (Egger 
et al., 1997).

Begg’s test is an adjusted rank correlation test proposed by Begg and Mazum-
dar (1994) as a technique to test the publication bias in a meta-analysis, while 
egger’s test aims to examine the absence or presence of asymmetry in a funnel 
plot comparing a small-size meta-analysis with studies of large samples (Egger 
et al., 1997). The fixed-effect model assumes that all the included studies share 
the same true effect size, while the random-effect model assumes that different 
included studies have different effect sizes.

3  Results

3.1  Detection of publication bias

We generated the standard errors of correlation coefficients before detecting the 
publication bias (Fig. 6). As shown in Fig. 6, an individual dot indicates a spe-
cific study. The X-axis indicates the values of standard errors of Pearson’s cor-
relations, while the Y-axis indicates Pearson’s correlations. The middle line indi-
cates the no-effect line, while the lines on its either side indicate 95% confidence 
intervals. The dots are nearly symmetrically distributed along both sides of the 
middle line, which indicates the absence of publication bias (Kendall’s Score 
(P-Q) = −493, Std. Dev. of Score = 1158.88 (corrected for ties), Number of Stud-
ies = 229, z = −0.43, Pr > |z| = 0.671). Egger’s tests also indicate the absence of 
publication bias (Coefficient = 5.26, Std. Error = 2.97, t = 1.77, p = 0.078).

Begg's funnel plot with pseudo 95% confidence limits

r

s.e. of: r
0 .05 .1

0

.5

1

Fig. 6  A funnel plot of results of publication bias
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3.2  The sensitivity analysis

To conduct the sensitivity analysis, we entered “metaninf r ser, random” as a com-
mand and obtained Fig. 7. As shown in Fig. 7, each dot indicates a specific study. 
The middle line is the no-effect line, and two lines along its either side indicate 
the lower and upper 95% confidence intervals respectively. All the dots are located 
within 95% confidence intervals given a study is omitted. This indicates that the 
estimates of meta-analyses are stable and reliable.

3.3  The effect of behavioral intention in online learning across the world

We calculated seven effect sizes to study the effect of behavioral intention in online 
learning from China, South Korea, and Germany. We adopted a random-effect 
model since the percentage of variance of the effect sizes is due to heterogeneity 
rather than random errors (Q = 6500.50,  I2 = 99.9%, p < .01). Significant effects 
were found in China (z = 55.23, p < .01), Germany (z = 2.87, p = 0.004), and over-
all results (z = 4.74, p < .01), while not in South Korea (z = 1.03, p = 0.301) (Fig. 8). 
Thus, we rejected Hypothesis 1: behavioral intention may be not significantly influ-
enced by other factors in online learning.

3.4  The effect of instruction in online learning across the world

We calculated 11 effect sizes to study the effect of instruction in online learning 
from the USA, Austria, Australia, and China. We adopted a random-effect model 
since the percentage of variance of the effect sizes is due to heterogeneity rather 

0.32 0.350.32 0.390.39
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Meta-analysis estimates, given named study is omitted

Fig. 7  Results of the sensitivity analysis
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than random errors (Q = 1990.25,  I2 = 99.5%, p < .01). Significant effects were found 
in the USA (z = 3.13, p = 0.002), Austria (z = 8.63, p < .01), Australia (z = 7.46, 
p < .01), China (z = 5.59, p < .01) and overall results (z = 5.85, p < .01) (Fig.  9). 
Thus, we rejected Hypothesis 2: Instruction may not significantly influence other 
factors in online learning.

3.5  The effect of engagement in online learning across the world

We calculated eight effect sizes to study the effect of engagement in online learning 
from China, Australia, and South Korea. We adopted a random-effect model since 
the percentage of variance of the effect sizes is due to heterogeneity rather than ran-
dom errors (Q = 943.42,  I2 = 99.3%, p < .01). Significant effects were found in China 
(z = 2.91, p = 0.004), Australia (z = 25.68, p < .01), South Korea (z = 15.35, p < .01), 
and overall results (z = 4.22, p < .01) (Fig.  10). Thus, we rejected Hypothesis 3: 
Engagement may not significantly influence other factors in online learning.

3.6  The effect of interaction in online learning across the world

We calculated 32 effect sizes to study the effect of engagement in online learning 
from Australia, Spain, Turkey, the USA, China, and South Korea. We adopted a ran-
dom-effect model since the percentage of variance of the effect sizes is due to het-
erogeneity rather than random errors (Q = 1550.30,  I2 = 98.0%, p < .01). Significant 
effects were found in Australia (z = 3.21, p < .01), Spain (z = 11.87, p < .01), Turkey 
(z = 6.27, p < .01), the USA (z = 9.20, p < .01), China (z = 6.98, p < .01), South Korea 
(z = 9.94, p < .01), and overall results (z = 8.55, p < .01) (Fig. 11). Thus, we rejected 

NOTE: Weights are from random effects analysis
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Fig. 8  A forest plot of the effect of behavioral intention in online learning
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NOTE: Weights are from random effects analysis
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Fig. 9  A forest plot of the effect of instruction in online learning across the world
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Fig. 10  A forest plot of the effect of engagement in online learning

2471Education and Information Technologies (2022) 27:2457–2482



1 3

Hypothesis 4: Interaction may not significantly influence other factors in online 
learning.

3.7  The effect of motivation in online learning across the world

We calculated nine effect sizes to study the effect of motivation in online learn-
ing from the USA and China. We adopted a random-effect model since the per-
centage of variance of the effect sizes is due to heterogeneity rather than random 
errors (Q = 1785.91,  I2 = 99.6%, p < .01). Significant effects were found in the 

NOTE: Weights are from random effects analysis
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Fig. 11  A forest plot of the effect of interaction in online learning across the world
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USA (z = 3.49, p < .01), China (z = 3.34, p = 0.001), and overall results (z = 3.44, 
p = 0.001) (Fig.  12). Thus, we rejected Hypothesis 5: Motivation may not signifi-
cantly influence other factors in online learning.

3.8  The effect of self‑efficacy in online learning across the world

We calculated 45 effect sizes to study the effect of self-efficacy in online learn-
ing across the world. We adopted a random-effect model since the percentage 
of variance of the effect sizes is due to heterogeneity rather than random errors 
(Q = 1275.51,  I2 = 96.7%, p < .01). Significant effects were found in Latvia 
(z = 61.85, p < .01), China (z = 16.87, p < .01), Italy (z = 112.02, p < .01), South 
Korea (z = 67.57, p < .01), the UK (z = 100.98, p < .01), Portugal (z = 78.99, 
p < .01), Luxembourg (z = 77.30, p < .01), the Netherlands (z = 66.38, p < .01), 
Mexico (z = 85.27, p < .01), Chile (z = 85.68, p < .01), France (z = 73.60, p < .01), 
Japan (z = 93.87, p < .01), Denmark (z = 82.95, p < .01), Slovenia (z = 83.31, 
p < .01), Belgium (z = 96.29, p < .01), Finland (z = 95.18, p < .01), Sweden 
(z = 69.57, p < .01), Greece (z = 72.90, p < .01), Australia (z = 120.54, p < .01), 
Ireland (z = 72.80, p < .01), Poland (z = 64.29, p < .01), Hungary (z = 79.88, 
p < .01), Iceland (z = 54.68, p < .01), New Zealand (z = 65.90, p < .01), Estonia 

NOTE: Weights are from random effects analysis
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Fig. 12  A forest plot of the effect of motivation in online learning across the world
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(z = 71.80, p < .01), Switzerland (z = 78.10, p < .01), Germany (z = 85.64, p < .01), 
Czech public (z = 88.17, p < .01), Slovak Republic (z = 79.69, p < .01), Aus-
tria (z = 82.05, p < .01), Israel (z = 88.01, p < .01), and overall results (z = 75.49, 
p < .01). Thus, we rejected Hypothesis 6: Self-efficacy may not significantly influ-
ence other factors in online learning.

3.9  The effect of performance in online learning across the world

We calculated 79 effect sizes to study the effect of motivation in online learn-
ing across the world. We adopted a random-effect model since the percentage of 
variance of the effect sizes is due to heterogeneity rather than random errors 
(Q = 2.0e+05,  I2 = 100%, p < .01). Significant effects were found in China (z = 8.52, 
p < .01), Iran (z = 4.06, p < .01), Australia ((z = 8.75, p < .01), Germany (z = 2.19, 
p = 0.029), the USA (z = 4.41, p < .01), Spain (z = 7.45, p < .01), the Netherlands 
(z = 3.54, p < .01), Canada (z = 2.63, p = 0.009), Australia (z = 2.25, p = 0.024), 
Turkey (z = 8.82, p < .01), and overall results (z = 8.22, p < .01). Thus, we rejected 
Hypothesis 7: Performance may not significantly influence other factors in online 
learning.

3.10  The effect of satisfaction in online learning across the world

We calculated 16 effect sizes to study the effect of satisfaction in online learn-
ing across the world. We adopted a random-effect model since the percentage of 
variance of the effect sizes is due to heterogeneity rather than random errors 
(Q = 1166.46,  I2 = 98.7%, p < .01). Significant effects were found in the USA 
(z = 4.85, p < .01), South Korea (z = 15.48, p < .01), China (z = 6.34, p < .01), and 
overall results (z = 6.02, p < .01) (Fig. 13). Thus, we rejected Hypothesis 8: Satisfac-
tion may not significantly influence other factors in online learning.

3.11  The effect of self‑regulation in online learning across the world

We calculated 24 effect sizes to study the effect of self-regulation in online learn-
ing across the world. We adopted a random-effect model since the percentage of 
variance of the effect sizes is due to heterogeneity rather than random errors 
(Q = 21,097.06,  I2 = 99.9%, p < .01). Significant effects were found in Canada 
(z = 3.28, p = 0.001), South Korea (z = 7.85, p < .01), China (z = 5.92, p < .01), Swit-
zerland (z = 10.48, p < .01), and overall results (z = 7.02, p < .01) (Fig. 14). Thus, we 
rejected Hypothesis 9: Self-regulation may not significantly influence other factors 
in online learning.

We summarized the hypothesis testing results (Table 1) to improve the readabil-
ity. We generally rejected all the null hypotheses and concluded that the nine factors 
could exert significant effects on online learning across the world.
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4  Discussion

This finding broadly supports the work of other studies in this area linking online 
learning outcomes with nine variables such as behavioral intention, instruction, 
engagement, interaction, motivation, self-efficacy, performance, satisfaction, and 
self-regulation. The unpredictable pandemic has encouraged billions of learners to 
acquire knowledge through online learning approaches, along with which various 
online platforms are booming. Those successfully handling nine factors may obtain 
profitable learning outcomes.

There are also some exceptions in this study. The research authored by Kim et al. 
(2021) failed to find any significant effect of behavioral intention on online learn-
ing in South Korea possibly due to its limitations. The data merely retrieved from 
self-reported questionnaires based on participants’ self-perceptions, whose reli-
ability is dependent on their understandings. The study is also limited to a single 
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Fig. 13  A forest plot of the effect of satisfaction in online learning across the world
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online course, whose results may not be generalizable to other contexts. The pooled 
diamond is long and has a wide 95% confidence interval (r = 0.40, 95% confidence 
interval = −0.36 ~ 1.15), indicating a lower reliability of the study (Kim et al., 2021).

NOTE: Weights are from random effects analysis
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Fig. 14  A forest plot of the effect of self-regulation in online learning across the world

Table 1  Hypothesis testing results

N Hypothesis Result

1 Behavioral intention may be not significantly influenced by other factors in online learn-
ing.

Rejected

2 Instruction may not significantly influence other factors in online learning. Rejected
3 Engagement may not significantly influence other factors in online learning. Rejected
4 Interaction may not significantly influence other factors in online learning. Rejected
5 Motivation may not significantly influence other factors in online learning. Rejected
6 Self-efficacy may not significantly influence other factors in online learning. Rejected
7 Performance may not significantly influence other factors in online learning. Rejected
8 Satisfaction may not significantly influence other factors in online learning. Rejected
9 Self-regulation may not significantly influence other factors in online learning. Rejected
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Online learning outcomes could be improved by enhancing learners’ behavioral 
intention. Learners with stronger behavioral intention could encourage learners to 
engage in online learning for longer than those with weaker behavioral intention. 
With the development of online courses and digital technologies, online learning 
is increasingly occurring in various educational situations, which presents various 
profiles of learners’ learning psychology and behavior. Online learning can enable 
students to conduct independent and exploratory learning according to their prefer-
ences, and learning behaviors can be naturally presented. The network also provides 
a carrier to record learners’ implicit learning behaviors. These learning behaviors 
are often unconscious and scattered, and their potential rules are hidden and thus 
need to be explored to stimulate their behavioral intention of online learning. Com-
pared with the explicit learning behaviors, the implicit ones can better reflect the 
subtle and complex logical relationship in learning. Researchers and designers of 
online learning could track and record students’ learning behaviors in the online 
learning platform for further analysis. They can then enhance students’ online learn-
ing behavioral intention based on the characteristics of their learning behaviors.

Online instruction can be realized through the use of the two-way interactive 
function of the computer network management technology. On the one hand, the 
system can track teachers’ instruction behaviors, students’ learning behaviors, their 
personal information, learning process, and different instruction stages. On the other 
hand, teachers can adopt appropriate instructional strategies based on the students’ 
feedback in the system and propose personalized solutions. Instruction may also 
improve reliant on the posts on the discussion forum where students and teachers 
can interact with each other and solve various difficult problems. Online instruction 
is subject to many factors such as timely feedback of the teachers, teachers’ tech-
nology expertise (Paechter et al., 2010), instructor verbal immediacy (Baker, 2004), 
teachers’ technology habits, teachers’ mean fidelity score, teachers’ education back-
grounds, teachers’ online instruction experience (Barton et al., 2017), and teachers’ 
perceived task value (Zhang & Liu, 2019). Attention to these factors is meaningful 
to designers and teachers of the online learning approach.

Online learning engagement exerts a great influence on learning effectiveness and 
instruction quality. There is a positive relationship between self-regulation, satisfac-
tion, learning motivation, and online learning engagement. It is thus necessary to 
design the online instructional strategies and learning approaches to enhance lev-
els of students’ satisfaction, self-efficacy, motivation, self-regulation, and learning 
engagement. The degree of difficulty of learning contents and learning topics greatly 
influence students’ online learning engagement. Teachers’ guidance and instruc-
tional design also exert some influence on students’ online learning engagement. 
Teachers could make every effort to improve online instruction design and reduce 
students’ dropout rates. The selection and design of teaching contents and learning 
tasks should be closely related to learning goals. Learners’ interest and demographic 
information should be fully considered to maintain students’ learning motivation, 
meet students’ individual learning needs, and then enhance students’ online learning 
engagement.

Online learners’ performance could be improved if we could improve the learning 
environment, encourage guidance and participation of teachers, optimize designs of 
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online learning activities, enrich learning contents, and adopt effective evaluation 
methods. In online contexts, learning is mostly implemented alone, and learners 
can’t fully control the learning process themselves, because teachers cannot pro-
vide direct supervision and guidance. Teachers may not know the specific learning 
progress and it becomes difficult for teachers to control the whole learning process. 
Therefore, by improving the teaching management function of the online teaching 
system, it is feasible to make the system automatically monitor the learning process. 
Designers and educational institutes could improve the network hardware environ-
ment, guarantee the connection speed, and take effective anti-virus measures.

5  Conclusion

5.1  Major findings

This study identifies nine variables that may exert a significant effect on online 
learning outcomes during this special pandemic time across the world. The find-
ings may be generalizable to America, Asia, and Europe. Although relatively fewer 
publications in Africa have been included, the findings could provide a meaningful 
reference for African researchers, learners, and teachers.

6  Limitations

However, with a relatively small sample size, caution must be applied, as the find-
ings might not be applicable to all the countries and areas across the world. We 
could not include all of the publications due to the limitation of library resources. 
Those written in languages other than English were not included although English 
has been the main medium to carry knowledge. There may be other important fac-
tors influencing online learning outcomes that were excluded from this study.

6.1  Future research directions

The design of future online learning could abide by the principles of educational 
practice, supported by educational technologies and online pedagogies (Kidd & 
Murray, 2020). Future research could include more publications from more diversi-
fied backgrounds. Online learning design could also keep pace with the develop-
ment of information technologies.
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